ABSTRACT
Introduction
During the last decades, growth of the earth population has created many environmental problems. In the present scenario, the human beings are faced with many serious environmental problems. One of the crucial problems is the climate change. Climate change influences the human beings directly and indirectly in many ways. Global warming, a result of the climate change, affects the agricultural fields by causing a decrease in the water supplies. As a result of this water shortage, inadequate irrigation decreases the quality and quantity of the products.
The rapid development in wireless communication and embedded micro-sensing technologies in recent years has made wireless sensor networks a viable tool for many on-field surveillance and monitoring applications including the monitoring of agricultural farm lands. The goal of wireless sensor networks that monitor the environment is to systematically gather the temporal and spatial dynamics of that environment and to run unattended for several months. Such networks periodically generate large amount of data about the physical or environmental parameter(s) being monitored that has considerable redundancy both in space and time. As the sensor nodes in the wireless sensor network rely upon battery for their operation, energy conservation is of paramount interest. Often the battery of a sensor node is not rechargeable and the need to prolong the lifetime of a sensor node has a deep impact on the system and networking architecture [1] .
It is well documented in WSN literature that the most energy intensive operation that a sensor node performs is communication. The network attempts to minimize energy usage, either by eliminating communication or by turning off the radio when no communication needs to occur. Hence, in this paper, we focus on the aspect of how the energy expended in communication can be economized by means of exploiting the spatial and temporal correlations inherently present in the observed phenomena. To lower the communication cost, the network is partitioned intoa set of clusters with similar observations. Instead of gathering data from every node in the cluster, only a set of cluster representatives need to be sampled based on their spatio-temporal correlations [2] .
Besides the need for saving communication cost, environment monitoring applications such as contaminant monitoring, tracking, water temperature estimation of river beds and the soil moisture level monitoring application considered in this reported work require understanding the graphical delineation of features of interest in a monitored terrain [3] . Hence, given the close coupling of sensors to the physical world, grouping nodes according to their spatial attributes would be beneficial from multiple aspects. Here sensor measurements are used as actual inputs to the problem. If the network is redundant in the sense that the measurements of some nodes can be substituted by those of other nodes with a certain degree of confidence, then a much smaller subset of nodes may be sufficient to answer queries at a lower energy cost [2] . Therefore, one is able to achieve savings in data aggregation and communication costs, if as much redundancy as possible can be eliminated in lowest possible hierarchy. More specifically, the objective of the reported work is to spatially cluster regions of the network according to the surface (0-10m deep) soil moisture pattern observed over the region of interest which in turn helps to study and gain valuable insights into the spatial variations in surface soil moisture over time. Changes in surface soil moisture have consequences for the water balance and groundwater recharge and so in the long run it is to understand better the soil moisture processes in this environment [4] .
WSNs in Agricultural Studies
WSN deployed in croplands, orchards, and vineyards are used for monitoring site conditions (mainly of environmental, weather and atmospheric) with parametric variables, such as air, soil-moisture, soiltemperature, solar-radiation, relative humidity, wind and terrain properties, for management decision making purposes [5] . The use of WSN for monitoring a variety of site conditions for on-farm decisionmaking in Precision Agriculture (PA) is becoming feasible and cost effective. With the recent advent of low cost, low powered remote sensor nodes, a significant increase in the extent of coverage area and the number of sensor parameters measured at real time could be observed.
Additionally, as it is mentioned in the previous section, due to the atmospheric pollution, climate change and global warming, there is a serious shortage of unpolluted water for irrigation. It is known that, irrigation is directly proportional to the harvesting plant quality and quantity. Information on the temporal and spatial variability of environmental parameters, their impact on soil, crop, pests, diseases and other components of farming play a major role in formulating the farmer's strategy [6] . If the farmer knows the correct irrigation schedule for the plant, he can use less water and less energy while getting a high amount of harvesting which is the most desired scenario for a farmer in a farming season.
Application of WSN in Soil Moisture Monitoring
Soil water is the most fundamental substance for the plants, so soil moisture has great influence upon crop growth, cultivation, planting quality and soil temperature. The soil moisture is also referred to as soil humidity indicating the water content in the soil and water supply for the farm plants. In the case of extremely low soil moisture, the drought will come to impair the normal photosynthesis, leading to lower yield and quality of crops. Moreover, the crops will wither if soil moisture declines below wilting point. Conversely, extremely high soil moisture will block off the breathing and growth of crops' root system, resulting in the outbreak of insect damages to the crops [7] .
With the advent of small, relatively cheap wireless sensor units, soil moisture monitoring and further analysis for extensive outdoor cultures becomes feasible. However, once the sensors are in the soil, they cannot be moved or accessed easily for maintenance. This requires that the sensors be very robust, selfhealing, self organizing and self-calibrating in the sense of organic computing [8] . Many processes might change the sensor locations in the soil: new roots growing, the soil being changed over the course of time, too much water washing the sensors further down, mechanical processes pushing the sensors up or down, etc. When trying to interpret the measurement of the sensors, the soil type in which the sensor is located needs to be known for subsequent calculations. Due to the processes described above the soil type could change over time. The only way to detect this change is to compare measurements of one sensor with measurements of its local neighbors, track their measurements over time and use measurements only when they deviate within certain parameter intervals. The work reported in this paper successfully achieves this objective by means of forming the spatial feature regions besides saving the communication cost which is a crucial parameter for sensor network based applications. The hydrologic balance in soils is the result of complex physical processes, which are influenced by diverse geo-parameters with enormous spatial-temporal variations [9] . Therefore, the measurement and quantity-based monitoring of the soil moisture dynamics has always been at the centre of soil physics and soil ecology. Especially in irrigated agriculture, information about the actual soil water dynamics can deliver valuable data to optimize the irrigation practice with regard to volume and duration of irrigation.
Related Work
The idea of using wireless sensors in precision farming has been around for quiet some time. Blackmore et al. in 1994 [10] defined it as a comprehensive system designed to optimize agricultural production by carefully tailoring soil and crop management to correspond to the unique condition found in each field while maintaining environmental quality. Over the last few years, the advancement in sensing and communication technologies has significantly brought down the cost of deployment and running of a feasible precision agriculture framework. Emerging wireless technologies with low power needs and low data rate capabilities, which perfectly suites precision agriculture, have been developed [11] . [12] presents a soil moisture sensor network for monitoring soil water content changes at high spatial and temporal scale. [13] proposed a Drought Forecast and Analysis System (DFAS) to effectively achieve the forecast and alert of the drought. DFAS analyzes the drought level of the coming 7 th day via the proposed drought forecast model derived from the Back-Propagation Network algorithm. The drought inference factors are the 30-day accumulated rainfall, daily mean temperature, and the soil moisture to improve the accuracy of forecasting drought.
In-situ measurements of soil moisture have been made by a number of countries around the globe during the past 70 years. [14] describes a global soil moisture data bank dedicated to collection, dissemination and analysis of soil moisture data from around the globe. There are three large organized soil moisture observing programs in the USA: the long-term Illinois measurement program, the Natural Resources Conservation Services and a multi-scale network in the states of Oklahoma and Kansas referred to as -MOISTNET‖ describe a global soil moisture data bank dedicated to collection, dissemination and analysis of soil moisture data from around the globe. The Illinois network [15] includes soil moisture measurements at 19 stations from 1981 to the present. This network provides data for the longest period in the USA suitable for some early climatological studies.
The WSN's ability to capture and relay real time data for analyzing the variability in climate change and its effects on plant physiology is significant. This is because modeling the relationships between the climate change, its variability captured in weather and atmospheric conditions and the surrounding environment using parametric variables along with their effects on plant production quality requires both data on the cause and effects recorded without any time discrepancies and of course with spatial information. Gaining more insights into natural systems and their functioning including climate change involves many complex, dynamic and diverse processes with nonlinear interactions that pose huge challenges to modelers [16] .
A communication efficient framework for soil moisture reporting
As the WSNs deployed with a mission of observing the spatial and temporal variation patterns of environmental parameters such as soil moisture are expected to work unattended for extended durations, and given the fact that communication being the major energy consumer, it becomes apparent that reducing the cost of communication is of paramount interest to those applications. Hence this paper proposes a communication efficient framework for long term data gathering applications and is detailed in the following sections:
Formation of Feature Regions
The first step in reducing the communication overhead is to construct feature regions based on the trend behavior of the observed data. Each sensor node regresses the readings taken by it over a period of an observation window to build a feature model. The model (dis)similarity is depicted by the feature distance between each pair of nodes and this feature distance is then used to build spatial clusters exemplifying the various feature regions. Understandably, all the nodes within a spatial cluster observe similar data and hence a designated node within each cluster (say, the node with the highest ID) represents all its member nodes by sending only its model coefficients to the sink. Each of the aforementioned steps is elaborated in the following sections:
Construction of AR model
The time series of a sensor node consists of a trend component that grows slowly over time, a seasonal component with some periodicity and a stationary component [17] . However, in order reduce the storage and computational requirements of individual sensor nodes, we ignore trend and seasonal components and we choose to use an AR (3) model as in [2] . As discussed in [18] , if the time elapsed since the last reading is relatively short, it reasonable to neglect those components.
In an AR (p) model, the time series of an attribute V at any node is modeled [2] as,
where α 1 , . . ., α k are the auto-regression coefficients and ε t is white noise with a zero mean and non-zero variance.
From the soil moisture data available in [15] , about a month's worth of soil moisture readings are used for the purpose of the study. We set the size of the learning window N as 60. Each node prepares the feature model after performing N readings on that feature. Let 
The coefficients α 1, α 2, α 3 can be computed by setting the partial derivatives of the minimum squared error to zero and solving a linear system of the following three equations: In a similar way, feature models are constructed for each of the sensor nodes.
Distance Calculation
We denote the sensor node i by Mi. The feature distance between any two nodes M i and M j is captured by distance d(M i , M j ), which we measure using the Euclidean distance between their cepstral coefficients. The cepstrum of an ARIMA time-series can be estimated using the parameters of an ARIMA model for that time-series [19] . The cepstral coefficients for an AR(p) time-series can be derived from the auto-regression coefficients. They provide more discriminating power and thus the ability to separate time-series generated by different models.
The cepstral coefficients are used to extract the significant features of time-series and the distance between two time series is defined as the Weighted Euclidean distance. Here, α i1 and α i2 are the i th AR coefficients of models M1 and M2 respectively.
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For example, for the nodes 1 and 2 with the models computed using eq. (4)- (6) is given below:
Then the cepstral coefficients are calculated using eq. (7), the weights are obtained and then the distance is found using eq. (8) We next use the spanning tree clustering algorithm given in [20] to partition nodes into a set of disjoint δ-regions of spatial similarity i.e.,. all the nodes within a given region are within distance δ from each other. Higher the spatial stationarity, lower will be the number of feature regions.
As mentioned in the previous section, the mean  and the coefficients α 1, α 2, α 3 uniquely describe the AR model for a given set of learning data {v 1 , . . . , v N }, instead of sending raw data from the sensor nodes, the model co-efficients are sent to the sink node via the region heads. fig.2 shows the delineation of feature regions resulting from spanning tree clustering technique.
As seen in fig.2 , the spanning tree clustering algorithm partitions the initial network into 4 feature regions. Region 1 contains 5 nodes measuring soil moisture values around 33mm, region 2 contains nodes 6,7 and 11 all taking observations in the range 31mm , while region 3 is formed by 7 nodes measuring the lowest soil moisture in the range 29mm while region 4 showing highest moisture content. 
Model Updation Algorithm
The AR model is dynamic and hence the region boundaries change over time in order to reflect the changes occurring in the phenomenon under study. Each sensor periodically monitors its local model and updates it as needed. Each sensor models the feature using its readings in the learning window as explained in section 4.1. From the model, feature regions are formed as found in section 4.2. Then during a time frame called the observation window ( =300 seconds), the current reading of a node is extrapolated from the linear sequence of the previous 3 readings as follows:
where P(t) is the value predicted for reading at time t.
This predicted value is used to verify the validity of the model. The model should be updated only when the observed readings diverge consistently from its model i.e., if more than 50% of the readings in the observation window deviate from their predicted values. Here, two thresholds [2] are used namely,  = γ b( ) and  where γ is the confidence parameter on predicted sensor readings ( γ = 7) and b( ) is the variance of the prediction error in the predicted value.
To compute the prediction error e in the readings taken, e t = P t -t V , for t=1,…,N and using e = (e 1 +e 2 +.......+e N) / N, the variance of the white noise during τ time units (τ = 300 seconds) is,
The aforementioned two thresholds are chosen such that if the absolute value of the prediction error falls in [0, µ], then the model is a good predictor of the data. If it falls in [  ,  ] the data is still within the user specified error bound but the model might need to be updated. Finally, if the error prediction exceeds  , then the data is an outlier. If more than 50% of the readings in the observation window cause outliers, then the model coefficients are re-calculated and the new model is communicated to the sink via the cluster head.
Results and Recommendations
From the soil moisture distribution map prepared with the help of the proposed spatial clustering architecture, it is well evident that the feature regions of the given landscape are clearly demarcated. Application of this technique for agricultural area could be used to understand which part of the field is wet and which part is dry according to the water content and this in turn would control the irrigation schedule appropriately. Such evaluations can be done quickly and the irrigation of the dry part of the field can be done immediately which in turn is expected to increase the production quality.
At the end, it's understood that wireless sensor network technique is available for agricultural fields and these devices are powerful tool for data collection. Integration of these sensors with the wireless communication technique put forward low power consuming, cheap and easy installed techniques for prepare an accurate schedule plan for irrigation.
Conclusion:
The purpose of the reported study is to demonstrate the applicability of wireless sensor networks to monitor the spatial variations in surface soil moisture over time. This paper proposes a communication efficient framework that well suits the long term data gathering requirement of such applications. The data collected by the sensors is transferred to the base station and soil moisture map of the area is prepared. With the deployment of numerous low cost sensor nodes aided by the communication efficient data gathering architecture proposed, we could easily evaluate the huge amount of spatial data of the given terrain. From the obtained results, we observed that the soil moisture content changes even from very close distance. It is understood and recommended that if the farmers can establish these kinds of systems, their quality and quantity of their harvesting products would be increased. However, It's recommended that the current proposal must be extended for different plant types and different soil types in the same region. The same procedure must be applied to different climatic region and the results must be compared.
